This paper discusses how household panel surveys can be informative about the intergenerational transmission of poverty. We consider issues both of data and of the statistical methods that may be applied to those data. Although the data focus is on panel surveys from developed countries, we also briefly consider data availability in developing countries. We set out a list of survey data requirements for intergenerational analysis, and then discuss how the main household panel surveys in developed countries meet the criteria. In order to highlight the advantages and disadvantages of household panel surveys, the section also compares them with other types of longitudinal studies. Next, we review the estimation methods that have been used to examine the intergenerational transmission of poverty when using household panel surveys. Finally, we provide three examples of household panel surveys in developing countries (Indonesia, Malaysia and Mexico) that meet the data requirements for analysis of the intergenerational transmission of poverty.
Executive Summary
• This paper discusses how household panel surveys can be informative about the intergenerational transmission of poverty. We consider issues both of data and of the statistical methods that may be applied to those data. Although the data focus is on panel surveys from developed countries, we also consider selected examples of data that are available for developing countries.
• We discuss five criteria concerning data requirements which may be used to assess the suitability of data for empirical analysis of intergenerational transmission of poverty issues.
We refer to the following:
o the availability of appropriate measures of well-being (and thence poverty status).
o the availability of measures of other factors that are relevant to the intergenerational transmission process (e.g. parental education).
o the ability to link data within families, most notably across generations, so that there is the fundamental information about outcomes for individual and about family background variables. There are also substantial advantages from having data about all siblings within a family in order to control for unobserved within-family factors that may affect outcomes.
o The availability of a large sample that is representative of the target population, and that remains so over time. Maintenance of representativeness of a longitudinal data sets relates to survey design features such as the 'following rule' that prescribes which members of the base sample information is collected about at successive interview rounds, and also to issues such as minimizing sample drop-out ('attrition').
o The availability of repeated observations on key variables such as income over a period of time. This facilitates longitudinal averaging of such variables to reduce the potential impact of measurement errors and transitory variation, and enables researchers to investigate issues such as whether the timing of poverty during childhood matters.
• We argue that household panel surveys can meet these data requirements relatively well, referring to examples of leading panels from developed countries. The advantages and disadvantages of household panel surveys are highlighted with discussion of how well other longitudinal survey designs can meet the five criteria. We refer to retrospective surveys, cohort panels, rotating panels, and linked data from administrative records.
• Given suitable longitudinal data, we argue that there are five main statistical approaches to identifying the key features of the process of the intergenerational transmission of poverty:
o Parametric regression models with 'level' estimators;
o Parametric regression models with 'sibling difference' estimators;
o Parametric regression models with 'instrumental variable' estimators;
o Non-parametric bounds estimators, and o Propensity score matching methods.
• An overview of each of these methods is provided. We emphasise that each approach requires a different set of assumptions, and no method is to be an overall 'best buy' applicable in most circumstances. Our view is that it is valuable to employ as many of the methods as one can, as this provides a means to check the robustness of any conclusions drawn from the analysis.
• Although there is a growing number of household panel surveys in low-income and middle-income countries, many of these surveys are not suitable for intergenerational analysis of the type undertaken for developed countries. This does not mean that such analysis is entirely ruled out. We refer to three examples of three household panel surveys in developing countries (Indonesia, Malaysia and Mexico) which appear to meet most of the data requirements criteria cited earlier, and we also cite a number of other developing country panels.
Introduction
This paper discusses how household panel surveys can be informative about the intergenerational transmission of poverty. We consider issues of both data and of the statistical methods that may be applied to those data. Although the data focus is on panel surveys from developed countries, we also consider data availability in developing countries. The paper should be read in conjunction with the complementary CPRC study by Behrman (2006) .
The paper has four sections following this Introduction. Section 2 sets out a list of survey data requirements for intergenerational analysis, and then discusses how the main household panel surveys in developed countries meet these criteria. In order to highlight the advantages and disadvantages of household panel surveys, the section also compares them with other types of longitudinal studies. Section 3 discusses the estimation methods that have been used in previous research to examine the intergenerational transmission of poverty when using household Family Life Survey). We discuss how each of these could allow researchers to investigate the intergenerational transmission of poverty, and we also provide citations to some other developing country panel surveys.
Survey data requirements
What are the data requirements necessary for deriving estimates of intergenerational associations in poverty, and the transmission process? We discuss data requirements with reference to five criteria. and their parent(s), but observations on outcomes during adulthood for the 'child', and observations on various measures of family background, particularly those during the period when the 'child' was growing up. This is likely to refer to at least a decade or more prior to the current outcome for the 'child', and this long time interval places substantial constraints on the data collection process. For example, earnings observed at relatively young ages may not be a good measure of longer-run earnings, due to the unsettled nature of labour market careers at this life-cycle stage (Grawe 2006) . Better measures of the extent to which poverty is transmitted from one generation to the next are likely to require earnings information from parents and children in the middle of their working careers (see e.g. Haider and Solon 2006 Ensuring the on-going representativeness of a longitudinal survey is a particular issue. On the one hand there is the desire to minimize the prevalence of sample drop-out ('attrition'), and non-random drop-out in particular. Another issue is how the survey design maintains representativeness of its target population over time, in particular for representing new entrants over time, persons and families, into that population (Buck et al. 1996) . These design features of a longitudinal survey as usually labelled as 'following rules'. We would emphasize that the unit that is followed over time is the individual person, not the household or family. The reason for this is that it is impossible to define a longitudinal family or household in a rigorous way, because households fuse and split over time. (Individuals' income and poverty status are usually measured using information about the household within which they live, but that measurement issue is distinct from the issue of the unit that is tracked over time.)
Measures of well-being.
Non-representativeness is a different issue from the coverage of the survey. If one's interest is only in a particular region of a country (say) and only this area is sampled, this may provide data that are representative of the target population. For example, a large random sample of India's most populous state, Uttar Pradesh, with more than 175 million inhabitants, could The prospective design means that information about two generations is not straightforwardly available, except with the passage of time. For example, most of the intergenerational analysis using US PSID data began only once the survey had been running for more than two decades, by which time the children of the original respondents had become respondent adults themselves.
The alternative means of undertaking intergenerational panels to date -primarily applied to the BHPS and the GSOEP -is to exploit the fact that these panels also included extensive retrospective recall question modules soon after the panels began that refer to periods of time well before the panel itself began. The retrospective life history information is used to provide information about family background, and the panel itself is used to provide information about later-life outcomes. The method is grounded on the fact that children become panel respondents in their own right at around age 16 and are then followed over time. By construction, these children lived with a parent who was (and may well remain) a panel member too, and so one can match the retrospective recall data for a parent with the panel data on outcomes and other variables for 'children'. This method can provide relatively large samples for intergenerational analysis. One potential disadvantage is that the family background measures relating to family income during childhood, derived from the retrospective recall data, often do not refer to income specifically, but related variables. For example, using the BHPS recorded someone as experiencing poverty during childhood if both parents were not in paid work for at least one month in any one of the first sixteen years of life of the person concerned. (Information about parental work was derived by retrospective recall.)
Some childhood income data may be available, but it may refer to only one year during childhood, which may be contrary to the 'repeated observations' criterion. The number of observations (and thence sample size) for which income during childhood may be available depends Discussion Papers 694 2 Survey data requirements partly on how mature the panel is -the longer-running the panel, the more there are. In the limit (as with the PSID), income is available covering the whole of childhood, and derived entirely from the panel (without matching in retrospective information).
We discuss usefulness of retrospective information in combination with current information further in Section 4, with reference to the potential of the Indonesia Family Life Survey for estimating intergenerational association in poverty in Indonesia. We emphasize the nature of the following rule partly in order to stress how rules that are not similar to the one just outlined may lead to problems for analysis. In particular, we refer to panel surveys that are residence-based, and interviewers returning to particular addresses rather than particular people. If a household has split up because of divorce, or children have left the household to live elsewhere, then the group of people who is interviewed (those remaining) is potentially a non-random sample, and so may lead to biased estimates. Rosenzweig (2003) reports considerable biases in the Bangladesh Nutrition Survey because the survey re-interviewed only those individuals that were still living in the household originally surveyed.
The other dimension of non-response that is particularly important for household panel surveys -indeed for all panel surveys -is selective sample drop-out (attrition). Attrition is a problem that potentially increases the longer the panel is, and hence is a feature that conflicts with the distinct advantages of having longer panels that we have already discussed. Attrition reduces sample size, and also introduces potential non-representativeness if sample drop-out is non-random. The latter case occurs when some individuals are systematically more likely to drop out of the panel than others. For example, if poorer respondents are more likely to drop out of the study, estimates of the degree of intergenerational transmission of poverty may be biased. Non-random panel attrition and non-representativeness are issues that are often mentioned but not always addressed, at least in the context of intergenerational research. However, see Fitzgerald, Gottschalk, and Moffitt (1999) for an important exception.
In order to highlight the advantages and disadvantages of household panel surveys relative to the data requirement check-list, we now briefly compare their main features with other types of longitudinal survey designs. For a more extended discussion, see Buck, Ermisch, and Jenkins (1996) .
Retrospective surveys
In retrospective surveys, individuals are typically interviewed only once and they provide retrospective information using recall. Goldthorpe 1980 .) The very nature of recall data makes it more difficult to get multiple sibling data of the same quality as from a household panel survey, or to get repeated observations over a period on variables such as income that are of satisfactory quality.
Cohort panels
A cohort survey, a longitudinal survey focussing on the individuals from a specific birth cohort of the population (or some subsample of this), is the simplest example of a single indefi- The infrequency of interviews mean that the chances of collecting repeated observations on income, or the possibility of examining income timing aspects, are small. Moreover because most of these surveys started life primarily as medical studies, the amount of information collected about the socioeconomic aspects of family background at young ages is not as extensive as for e.g. the major household panels. (The medical and developmental information that is collected is, of course, something that is not collected by household panels in such extensive detail.) By design, information is collected about only one family member, and not about all siblings. Like household panels with prospective data collection, the potential for intergenerational analysis of poverty requires the panel to mature so that observations on both the family background and outcomes during adulthood can be collected. Attrition is also an issue (as with household panels).
The NCDS and BCS70 are examples of cohort panels that have matured sufficiently long to be used extensively for intergenerational analysis in general and, more recently, the intergenerational transmission of poverty in particular. Blanden and Gibbons (2006) , for example, used the NCDS and BCS70 to examine the transmission process and how it had changed over time. Teenage poverty status was measured using data on the family income reported by the parents when the child was aged 16. Data from the interviews with respondents when they were their 30s (and also at the age of 42 in the NCDS) provided measures of poverty during adulthood.
Rotating panels
A rotating panel survey consists of a succession of separate panel surveys with staggered starting times. An initial sample of individuals is selected and interviewed a pre-determined number of times, often at intervals shorter than a year. During the life of this first panel, a new sample is selected, followed, and interviewed in the same way as the first. Subsequent panels are constructed similarly. As a result, respondents are being continuously rotated out of the panel and the number of panel participants replenished by those being rotated into the survey.
The US Survey of Income and Program Participation is an example of such a survey. Since individuals are interviewed for a fixed number of times only, and the length of time spanned by these interviews is relatively short, information on income and earnings spanning two 
Record linkage
Another way of creating longitudinal data is through linkage of personal records from existing temporally-separate data sources. In this way, longitudinal data can be collected without personal interviews. These data sets may be administrative records gathered for official purposes, See Ermisch et al. (2004) , Wooldridge (2002) , Manski (1995) , and Caliendo and Kopeinig (2007) for more detailed expositions than the non-technical exposition that follows.
Parametric regression models: level estimates
The prototypic empirical model of the process of intergenerational transmission of poverty can be described in linear regression form as follows: • an unobserved family-specific effect, and
+ v ij • an unobserved individual-specific effect.
The outcome of interest Y ij might measure whether a child is poor when an adult, or the number of years the child lived in a low-income family later in life, say. The key family background variable of primary interest, L ij , might be a measure of whether the individual lived in a low income family during childhood. The parameter of most interest -the causal effect of living in a poor family during childhood -is the coefficient β. We are interested in not only its sign and magnitude, but also whether our estimate of it differs from zero in a statistically significant manner. Put another way, to be confident in asserting that growing up in poor family has a deleterious impact on attainment, one needs to find not only that the estimate of β is positive, but also that this did not arise by chance. Precision of the estimates can be assessed in the conventional way: the standard error associated with each estimated coefficient can be calculated, and the statistical significance can be calculated.
Equation (1) is a standard linear regression model specification, and it is well-known that application of standard estimation techniques lead to unbiased estimates of the model parameters, including β, as long as the observed influences on attainments (L ij , X ij ) are uncorrelated with the unobserved influences (α j and v ij ). If one makes this assumption, then the only remaining complication is that the outcome variable could be dichotomous rather than continuous, but this is straightforwardly addressed using standard probit or logit regression techniques. Note that instead of reporting β itself, one can report the 'marginal effect' instead, as the latter is in a metric that is more easily comparable across the different methods used. The marginal effect shows the change in the probability of achieving the (dichotomous) outcome variable that is associated with a one unit change in childhood poverty variable L (for example growing up in a poor family rather than in an affluent family). For examples of studies in this tradition, see our companion paper (Jenkins and Siedler 2007) , and the references therein.
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Application of this method provides researchers with a set of 'level' estimates (the reason for this label will become apparent shortly). Since many of the findings reported in the literature have been based on level estimates, they provide an important reference point for researchers.
Increasingly, however, it has been argued that it is implausible to assume that the observed and unobserved influences on attainment are uncorrelated with each other. The argument is related to assumptions about the nature of the attainment process. The family-or motherspecific influences on attainment that are not observed by the researcher (α j ) include factors such as maternal 'ability' or any other fixed effect that is common among siblings within the same family (for example motivation and work ethics). A proportion of these factors are likely to be inherited. The individual-specific family background influences on attainment are likely to depend not only on the given individual's endowments of intelligence and 'ability'
(for example), but also the endowments of that individual's sibling(s): parental home investments in a child are likely to respond to that child's capacity to benefit from it and also (differentially) to the capacities of their other children.
If the assumption that L ij , α j , and v ij are uncorrelated is untenable, estimates of β using the 'level' method described so far will be subject to bias. The degree of bias can be shown to depend on several aspects of the intergenerational transmission process, including the degree of heritability of endowments, the extent to which parents reinforce or compensate for crosschildren differences in their children's endowments, and the nature of the response of growing up poor to family-and child-specific factors .
Parametric regression models: sibling difference estimates
How might one address these problems? Estimation of 'sibling difference' models is a common answer. The models are grounded on the observation that siblings share many familyspecific characteristics that are relevant to the attainment process, for example 'biological or social parents, their parenting style, parents' social and cultural environments, housing and, to a large extent, neighbourhoods and schools' (Ermisch et al. 2004: 77) . This means that one can control for the unobserved (and observed) effects that are common to siblings by looking at the differences in their attainment and relating these to sibling differences in the experience of childhood poverty. 3 Statistical methods to assess the effect of growing up poor on later life income If we use the symbol Δ to represent the difference between siblings, then we can rewrite equation (1) for a two child family as:
The difference in attainments between siblings 1 and 2 is a function of = βΔL • the sibling difference in family income or childhood poverty + γ′ΔX • the sibling difference in other observed influences, and (2) + Δv • the sibling difference in individual-specific effects.
Estimation is based on observations of differences between pairs of siblings -hence the name of this model. (By contrast, the levels model discussed earlier was based on variables expressed in terms of levels of attainment rather than differences in such levels.) The key requirement for an unbiased estimator of β in the sibling difference model is that sibling differences in childhood poverty (ΔL) and sibling differences in unobserved individual effects (Δv) are uncorrelated, which is a weaker criterion for unbiasedness than the levels estimator required. Intuitively, the reason is that the family-specific effect (α j ) is eliminated when taking sibling differences -it does not appear in equation (2) -and so many of the contributions to bias in the levels estimator no longer play a role (those related to the degree of heritability and to family structure responses to family-specific factors).
The use of sibling difference models does not guarantee that estimates of β are unbiased,
however. There remain some child-specific feedback factors contributing to potential bias that were also relevant to the estimation of the levels model. However, it can be shown that if the impact on childhood poverty of differences in children's individual endowments is negligible, the sibling difference estimate of β is unbiased (Ermisch et al. 2004: 77) .
There is an additional complication that may bias sibling difference estimates Francesconi 2001, Ermisch et al. 2004) . Suppose a father develops a behavioural problem (unobserved by the researcher) -an example could be alcoholism -that does not affect the attainment prospects of his older child but does adversely affect the prospects of his younger child (because she is exposed to it for a longer time, say). Moreover, in addition, the problem precipitates family poverty. In this situation, the sibling difference estimator over-estimates the true effect of growing up poor: the estimate partly reflects the influence of the unmeasured parental behaviour that is correlated with childhood poverty. Finally, it should be noted that if Discussion Papers 694 3 Statistical methods to assess the effect of growing up poor on later life income researcher aims to estimate the influence of parental poverty at a specific parental age (e.g.
when the mother was aged 30-35) on children's poverty later in life, then sibling estimators cannot be used because household income for the specified parental age range is the same for each sibling. With no variation between siblings, an estimate of the impact of age-specific parental poverty could not be derived using a sibling difference estimator.
In sum, the sibling difference approach is a useful addition to the modeller's toolbox, but it does not come without costs. There remain assumptions that may not be satisfied. In addition, estimation is based only on families containing siblings. (Families with three or more siblings contribute more than one sibling pair.) This necessarily reduces sample sizes and so lowers the precision of estimates, other things being equal. A further complication is that the conditional logit version of the sibling difference model, appropriate for the case of a dichotomous outcome variable, uses even fewer observations (the sibling pairs for whom the outcome differs).
Also, the exclusion of individuals from one-child families means that one cannot derive an explicit estimate of β separately for this group: in effect, one must assume that the same process applies to them as for individuals with siblings. Another feature of sibling difference models is that estimates of the effects of any observed variable that has the same value for each sibling cannot be identified -these influences also get eliminated by the differencing procedure, even though they may be of substantial interest (This does not arise with level regressions.) An example is mother's highest educational qualification (part of X).
Instrumental variable estimates
The method of instrumental variables (IV) provides another way of accounting for potential correlations between the explanatory variable of principal interest, such as whether the respondent experienced poverty during childhood, and the unobserved factors influencing the outcome variables under study. (Such correlations lead to bias in estimates of the coefficient β in equation (1).) The basic idea of the IV approach is to find an additional variable that determines childhood poverty status but which has no direct influence on the outcome variable.
More specifically, one needs an observable variable (instrumental variable, denoted by Z i ), not included in equation (1), that satisfies two conditions. First, the instrument must not be correlated with the error term u i , i.e. cov(Z i, u i ) = 0, where u i is the sum of the unobserved Discussion Papers 694 3 Statistical methods to assess the effect of growing up poor on later life income family-specific effect α j and the unobserved individual-specific effect v ij in equation (1). For notational convenience, we suppress the subscript j in the remainder of this section. If one has more than one instrument, one can test whether the first condition holds, but this is not possible if the number of instruments equals the number of potential endogenous variables (Sargan 1958 ).
The second condition is that the instrument has to be correlated with the potential endogenous variable (growing up poor), once all the other exogenous variables (X i ) have been netted out.
This requirement can be written in terms of the following linear projection:
with E(ε i ) = 0. Because the variables in the vector X i and the instrument Z i are assumed to be exogenous, the error term ε i is uncorrelated with all variables on the right-hand side of equa- In practice, it may be difficult to find an instrument which satisfies the two IV conditions. The second condition can be tested, and recent work by Bound, Jaeger and Baker (1995), Staiger and Stock (1997) and Stock and Yogo (2005) point to potential problems with 'weak instruments'. The issue is that, if the partial correlation between the instrument Z i and the endogenous variable L i is weak, IV estimates may be biased as well. Finally, note that IV estimates tend to lead to less efficient coefficient estimates, and there is a risk that estimates are too inefficient to be informative (Murray 2006) .
Non-parametric bounding methods
Another set of estimators is inspired by research on social experiments in which one investigates the effect of a given 'treatment' on an outcome. For example, growing up in poverty can be considered as the treatment variable, and one might study each of a number of dichoto-Discussion Papers 694 3 Statistical methods to assess the effect of growing up poor on later life income mous outcome variables, e.g. achieving a specific educational qualification level, or being in poor health, being unemployed or being poor as adult. What we are interested in is the 'treatment effect' of growing up poor on each outcome, i.e. the difference between the probability that a young adult would achieve the outcome if he grew up in a poor household (say) and the probability that the same young adult would achieve the outcome if, instead, he did not grow up poor.
The problem is that, with most survey data such as provided by household panel surveys, Parametric regression models, combined with various assumptions about the intergenerational transmission mechanism, are one way of getting round this problem, as explained earlier.
Alternatively, one might ask how much can be said about treatment effects in the absence of any parametric specification or assumptions about the transmission mechanism. Using the method proposed by Manski (1995) , one can consider what bounds may be put on the treatment effect. The method works as follows (we draw on the detailed exposition of Ermisch et al. 2004 ).
Each of the two probabilities used to define the treatment effect (the probability of attaining the outcome if treated and the probability of attaining the outcome if not treated) can be written as the sum of two terms, each of which is the product of a conditional probability and an unconditional probability. Within each sum, one of the constituent conditional probabilities cannot be observed in survey data but, because they are probabilities, each of them must lie between zero and one. Substituting these extreme values for the unobserved conditional probabilities allows one to put an upper bound and a lower bound on the probability difference that defines the treatment effect.
These upper and lower bounds represent the limits between which the treatment effect -the non-parametric counterpart to β -must lie. In principle, the treatment effect may lie between -1 and 1 (because it is defined as a difference between two probabilities), i.e. of width 2. The bounds implied by Manski's method can be shown to have width 1, a substantial reduction.
On the other hand, the bounds also include 0, and so the method does not put bounds on the Discussion Papers 694 3 Statistical methods to assess the effect of growing up poor on later life income sign of the treatment effect. (They do not allow us to say whether the impact of growing up in a poor family has a positive or negative effect on attainment, for example.) This is not very informative, especially if zero lies near the middle of the range defined by the bounds.
To tighten the bounds on the treatment effect, one can estimate them separately for groups of individuals with similar characteristics (Ermisch et al., 2004; Pepper, 2000) . For example, Jenkins et al. (2005) 
Propensity score matching methods
The aim of matching methods is to construct the missing counterfactual, i.e. to derive a control group or non-treated individuals who are very similar to treated individuals with respect to observable characteristics. A key assumption of propensity score matching methods is that characteristics that are unobservable to the researcher, such as individuals' ability or motivation or parents' parenting style, are independent of the treatment (i.e. independent of childhood poverty status in the current context), given observable characteristics X i . Hence it is important that researchers have data to hand which contain a comprehensive set of socioeco-Discussion Papers 694 3 Statistical methods to assess the effect of growing up poor on later life income nomic characteristics in order to minimize any potential problems arising from unobserved variables.
When using propensity score matching methods, one starts by estimating the probability of having experienced poverty during childhood (likelihood of being in the treatment group) as a function of observable characteristics, both for those who grew up poor and those who did not. In a second step, propensity score matching compares socioeconomic outcomes for treated and non-treated individuals who have similar probabilities in having grown up poor.
This can be done by estimating, in a first step, a (logit or probit) model regression model for the probability that each individual had experienced childhood poverty, conditional on observable characteristics of individual i from family j, for example child's health, parents' education, mother's age at birth or father's occupation:
From the estimated parameters of equation (4) Then, one can find non-treated individuals comparable with each treated individual by looking for individuals from each group with the same predicted probability of the relevant event.
Once individuals have been matched, one can estimate treatment effects by comparing, for example, the average outcome for the group that experienced childhood poverty with the average outcome for the matched comparable group who did not experience childhood poverty.
The matching can be done by applying one of a number of different algorithms suggested in the recent literature, for example nearest neighbour matching, radius matching, or kernel density matching (Caliendo and Kopeinig 2006) . In large samples, all matching algorithms should yield in similar results (Smith 2000) . For further discussion of matching methods, see Blundell and Costa Dias (2000) , Caliendo and Kopeinig (2006), Heckman, Ichimura and Todd (1997) , and Smith and Todd (2005) .
One advantage of the propensity score matching methods is its flexibility, since no particular functional form needs to be specified in order to compute the treatment effect. In contrast, level estimations in equation (1) (Rosenzweig 2003) . However, the second generation of the village level studies which started in 2002 now also includes split-off households into the sample. 1 Recent studies by Thomas et al. (2001) , and Foster and Rosenzweig (2002) , suggest that panels that condition re-interviewing on residence provide non-random samples of the households in the population. One way of accounting for this is to jointly model the intergenerational transmis-Discussion Papers 694 4 Household panel surveys in developing countries sion process and the sample selection implied by the sample design. Finally, we note that some panels cover specific geographic areas, or were designed for specific purposes (Baulch 2003; McCulloch and Baulch 2000) . Whether conclusions derived from these data may be generalized to different regions or populations is an issue that needs to be considered -in the same way that it is arguable whether estimates of intergenerational mobility derived from US panel describe the situation in the UK as well.
There have been major advances and improvements in collection and design of household panel studies in a number of developing countries (Grosh and Glewwe 1996; Rosenzweig 2003) . To illustrate this, we focus on three examples of household panel surveys that provide or will provide useful information for studying intergenerational mobility in developing countries: the Indonesia Family Life Survey (IFLS), the Malaysian Family Life Survey (MFLS), and the Mexican Family Life Survey (MxFLS1). We focus our discussion on these three examples because they satisfy most of the data requirements for the intergenerational analysis previously discussed, and because providing a comprehensive survey of all potentially suitable longitudinal data sets available in developing countries is beyond the scope of this paper.
We should stress that there exist developing country panels appropriate for studying intergenerational transmission of poverty in addition to the three we focus on. We discussed earlier how retrospective recall information may be combined with household panel survey data to derive intergenerational data. We referred to the example of the study by Of course, the use of retrospective histories on income raises questions about the quality of the data (see the earlier discussion). Recalling income values accurately from five years ago is certainly more difficult than doing so for income or wages from last month or last year. Results based on variables with measurement error might bias the estimates. One possibility to minimise measurement error would be to compute averages in parents' incomes as suggested by Solon (1992) . Furthermore, since the IFLS provides retrospective information not only on income, but also on type of employment, number of hours worked and occupation, researcher and 1993 (Frankenberg and Thomas 2000) .
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Conclusions
We have considered how household panel surveys may be used to understand the intergenerational transmission of poverty from the perspective of both data requirements and the statistical methods that one might apply once one had the intergenerational data. We referred to five main data requirements, and argued that the leading household panel surveys in industrialised countries met these criteria reasonable well. Other longitudinal survey designs may, in principle, provide suitable intergenerational data -notably cohort panels and linked record register data -and have been used successfully to do so in a number of industrialised countries. In a developing country context, household panel surveys seem to provide the design of most use for intergenerational analysis at the present time.
Our discussion of statistical methods to investigate causal pathways in the intergenerational transmission process referred to four main methods, two regression-based procedures and two more non-parametric ones, all of which have been applied in earlier studies. Each of the different approaches has strengths and weaknesses. Since each relies on different assumptions or otherwise has different properties, no one method is likely to be an overall 'best buy' applicable in most circumstances. Our view is that it is valuable to employ as many of the methods as one can, as this provides a means to check the robustness of any conclusions drawn from the analysis.
Although there is a growing number of household panel surveys in low income and middle income countries, many of them are not suitable for intergenerational analysis of the sort more routinely undertaken in developed countries (see our companion paper, Jenkins and Siedler 2007 , for a review of findings). However, this does definitely not mean that such analysis is entirely ruled out; quite the contrary. We have provided three examples of three household panel surveys in developing countries which appear to meet most of the data requirements discussed in Section 2, namely the Indonesian Family Life Survey, the Malaysian Family Life Survey and the Mexican Family Life Survey. These surveys provide sufficiently detailed information to allow researchers to shed light on the intergenerational transmission of poverty in these countries. 
